Defect-assisted recombination processes are critical to understand, as they frequently limit photovoltaic (PV) device performance. However, the physical parameters governing these processes can be extremely challenging to measure, requiring specialized techniques and sample preparation. And yet the fact that they limit performance as measured by current-voltage (JV) characterization indicates that they must have some detectable signal in that measurement. In this work, we use numerical device models that explicitly account for these parameters with high-throughput JV measurements and Bayesian inference to construct probability distributions over recombination parameters, showing the ability to recover values consistent with previously-reported 1 arXiv:1912.00956v1 [physics.app-ph] 22 Nov 2019 literature measurements. The Bayesian approach enables easy incorporation of data and models from other sources; we demonstrate this with temperature dependence of carrier capture cross-sections. The ability to extract these fundamental physical parameters from standardized, automated measurements on completed devices is promising for both established industrial PV technologies and newer research-stage ones.
approach to extract defect-assisted recombination parameters for interstitial iron in silicon, obtaining results consistent with reported literature values. Our results demonstrate a novel approach to extract defect properties from inexpensive measurements of completed devices, demonstrating promise for characterization of both established and novel PV technologies.
Defect-assisted recombination is described by the Shockley-Read-Hall (SRH) 13, 14 equation, where the SRH lifetime τ SRH is given by:
where n, p are the concentrations of electrons and holes, respectively, n i is the intrinsic electron concentration, E t is the energy level of the defect (trap), E i is the intrinsic Fermi level, T is temperature, k B is Boltzmanns constant, and the lifetime parameters τ n , τ p are given by:
where N t is the defect concentration, σ n and σ p are the defect capture cross sections for electrons and holes, respectively, and v th,n , v th,p are the thermal velocities of electrons and holes, respectively.
Interstitial iron is one of the most detrimental (and hence best characterized) point defects in silicon PV devices. In this work, we seek to characterize τ n , τ p , and E t from JV T i measurements. Varying temperature and illumination intensity is critical to distinguish the influences of different defect parameters. These dependencies on experimental conditions are encoded in PC1D, 9, 10 the device simulation software we chose for this study. (For a visualization of the impact of various parameters, see SI Figure 6 ) In general, carrier concentrations depend linearly on light intensity. PC1D does not explicitly include temperature dependence of capture cross-sections; we account for this ourselves and the mathematical model is discussed below (see Equations (4) and (5)).
Figure 1:
Visualizations of results of three-parameter fit at 300K. a) Probability distribution, with single-variable marginalizations along the diagonal and two-variable marginalizations off-diagonal. b) Simulated SRH lifetime vs. injection for the highest probability sets of parameters. Intensity of lines proportional to probability, top 80 parameter sets (corresponding to XX% of total probability mass) shown. Green region shows simulated data based on ranges of parameters found in the literature. c) Marginalization between E t and τ n from (a) with calculated iso-injection curves overlaid.
Using JV measurements taken from 175-300 K and 0.09-1 Sun, we first construct probability distributions over τ n , τ p , and E t at each temperature separately. An example (at 300 K) is plotted in Figure 1a . Next, we choose the highest-probability points in this threedimensional parameter space and use them to construct simulated SRH lifetime curves as a function of carrier injection level, shown in Figure 1b . Also shown (in green) is the range corresponding to the ranges of parameters reported in the literature 4, 15 and constructed using tabulated values for thermal velocities in silicon 16 and previously-characterized defect densities on this sample. 17 The simulated curves from this study are well within the literature ranges. Figure 1c shows the marginal distribution between τ n and E t from Figure 1a , with iso-injection curves overlaid. These were constructed using a fixed τ p value, a reasonable assumption given the highly concentrated probability distribution over this parameter seen in Figure 1a . τ SRH was fixed to the logarithmic average over the range computed from literature parameters in Figure 1b , and then Equation (1) inverted to give a relationship between τ n and E t . The results are consistent with the fact that these devices should be in low injection under the illumination levels used. This analysis again demonstrates that similar information to lifetime spectroscopy can be gleaned from our approach. As alluded to above, because thermal velocities in silicon are tabulated and trap density in this sample has been characterized, we can directly extract capture cross sections (see Equations (2) and (3) A widely-accepted model for carrier capture is as a thermally activated process 15, 25 Imple-menting such a model allows an Arrhenius relation to be used for each capture cross-section, introducing two new parameters for each carrier: a prefactor σ 0 and an activation energy
The parameter space is now five-dimensional, but we can also constrain a single posterior distribution using all the data rather than needing separate fits at each temperature. The probability distribution resulting from this analysis is shown in Figure 4 . Moving forward, we focus on σ p in literature data comparisons, because significantly more data has been reported than for σ n . Figure 3a shows an excerpt from Figure 4 , namely, the marginalization between The dotted line in Figure 3b represents the Arrhenius fit from Ref. 15 . However, that fit allowed only the prefactor to vary, fixing the activation energy according to the results of a separate measurement, while in our analysis we allowed the activation energy to be a fitting parameter. A strength of the Bayesian approach is that information from such a measurement can be explicitly incorporated via conditioning the posterior distribution further. If we allow only fits with activation energies near this value (-0.045 eV), which is to say we condition the probability distribution, then Figure 3a becomes Figure 3c , and 3b becomes 3d, with the results agreeing even more closely with the literature fit.
In this work, we demonstrate the ability to extract SRH recombination parameters from device-level measurements that yield comparable results to TIDLS and DLTS. In particular, our results fall well within the range of values reported by different DLTS practitioners, and simulated IDLS data are also in agreement. However, our approach utilizes a much simpler and more widely applicable experimental setup -a temperature-controlled JV stage with a solar simulator and neutral-density filters. Furthermore, JV measurement is a standard industrial characterization technique, meaning this approach could in principle be integrated into production lines. It also shifts a significant number of person-hours of effort to computational resources, which are becoming increasingly inexpensive, plentiful, and user-friendly.
In addition, the Bayesian framework allows easy incorporation of any preexisting information from other sources, such as (in this work) parametrization of thermal velocity or prior characterization of trap density or capture barrier. We note that within the range of experimental conditions of our measurements (in particular, all measurements being in the low-injection regime), we were not able to significantly constrain the trap level. This would likely be resolved with a setup capable of concentrated measurements significantly above 1
Sun of illumination.
We emphasize that in any analysis of this kind, the quality of the results obtained is strictly bounded above by the applicability of the model whose parameters are being es- We thank Andrei Istratov for helpful discussions, and Lauren Milechin for assistance integrating Wine with LLMapReduce on the Supercloud system.
The following files are available free of charge. Figure 4 : Full five-parameter probability distribution. Figure 5 : Comparison between modeled and simulated (for highest-probability set of Arrhenius parameters) at every experimental condition. Lack of high-voltage data for some conditions was due to numerical convergence errors. Figure 6 : SRH lifetime sensitivity plots showing a baseline calculation (grey dot) along with variations in σ n (blue) and E t (red), also showing dependence on illumination (injection level ∆n) and temperature.
